The results of soil hydrophysical parameters modeling by neural networks are considered. Modern computing facilities using pedotransfer functions provide simplicity, speed and cheapening of obtaining soil characteristics by mathematical calculations. The initial data are the basic properties of the soil, which are stably determined. The analysis of errors in the calculation of hydrophysical parameter was conducted. Obtained neural networks most accurately reproduce hydrophysical parameters.
Introduction
Hydrophysical analysis often includes an assessment of water infiltration into the soil, water transfer and retention by soil matrix. To use the mathematical models of substances migration it is necessary to know the soil hydrophysical parameters. Obtain the values of moisture pressure and hydraulic conductivity in field or laboratory conditions is difficult, expensive, and often unpractical in soil hydrological research. The high correlation between soil properties and hydrophysical parameters can promote a fairly accurate assessment of many analyzes of biospheric phenomena and environmental management. For example, to study the problems of subsoil compaction [1] . Therefore, the computational methods based on these parametersˋ dependence on the soil basic physical properties are a good alternative for the experimentally obtained hydrophysical parameters.
Functional dependences allowing converting information about the soil (pedo) properties into the information about its transport characteristics are called pedotransfer functions (PTF) [2] . The modern computational base using PTF provides simplicity, speed and cheapening obtaining soil characteristics through mathematical calculations, since the initial data are the soils basic properties, which are stably determined. Thus, a pedotransfer model tested for different soil classes can be provided by calculating the necessary characteristics. To study the water retention curve the centrifugation method in the pressure range of 2.5-10710 Pa was used [3] . The experimental obtained water retention curves for the main diagnostic horizons of the Altai Region zonal soils were approximated by the function of the water retention curve model van Genuchten in the RETC software [4] . The θr value is outside the experimental measurement range. However, for all approximation curves, the value of RMSE was 2-16%. The following hydrophysical parameters were obtained: θr -the residual water content [cm 3 /cm 3 ]; θs -the saturated water content [cm 3 /cm 3 ]; α -the inverse proportion to the bubbling pressure [1/Pa]; n -the index of pore size distribution characterizing the slope of the water retention curve [-] ; Ks -saturated hydraulic conductivity [cm/day]. To obtain Ks, simultaneously with the measurement of soil moisture pressure, the moisture conductivity functions were determined from the kinetics of centrifugation. The dependence of the residual moisture of the sample on time at a constant speed of rotation of the sample is approximated by a parabolic function using a linear relaxation model [5] . The PTF as a characteristic of the Altai Region soils was obtained. The data set consisted of 810 experimental water retention and hydraulic conductivity curves. And the same time curves with simultaneous data on the particle size distribution (PSD), bulk density and soil organic matter (SOM) content were obtained. Soil PSD was analyzed by pipette-method after dispersion with sodium-pyrophosphate. Soil density was determined by drilling method. SOM was determined by an AN-7529M express analyzer [6] . The values of the studied soils hydrophysical parameters and physical properties are described in the articles [7] [8] [9] . PTFs were based on training array, which is 2/3 of the total sample size. The accuracy of the forecast was estimated according the test sample, which is 1/3 of the total sample size.
Objects and methods
The authors used a functional-parametric method in which regression dependencies relate to the parameters of the water retention curve approximation to the basic soil properties [6] . The predictors were the bulk density, the particle size distribution, the SOM content, and the van Genuchten parameters of the water retention model were used as the response variable. PTFs were obtained using the artificial neural network (ANN) method created based on the Neural Networks Statistica software. Before creating a neural network, an array of related data θr, θs, α, n with thermal and hydrophysical characteristics, as well as with the basic physical properties of the soil, was divided into a training set used for network training and a control set for checking the quality of the network operation. This set was not used in the learning process. For verification, a cross-validation was performed (verification in the created network with data from the control set -test sample). The procedure of generalization with the control error monitoring was performed, excluding the "over-fitting" and re-training in the absence of cross-checking (for several data arrays).
In soil physics, to express complex dependencies between hydrophysical and basic soil properties, the most commonly used type of ANN is a multilayer perceptron [10] [11] . The advantages of ANNs compared with regression approaches are in their ability to approximate almost any continuous function (if there is a sufficient number of levels, neurons, and interconnections), so the researcher does not need to accept any hypotheses about the model in advance. In addition, ANNs cope with the "curse of dimension", which does not allow modeling linear dependencies for many variables [6] . At the network creation stage, regression of the task type was chosen while continuous functions with line-by-line removal of missing values was chosen as input and output elementsˋ type, since neural network is sensitive to data passes.
When choosing the network type, a combination of linear, nonlinear and radial based functions (RBF) and the three-layer perceptron with further selection of the best network was used.
The complexity of the network was determined by the number of hidden elements: in the radialbasis function from 1 to 138; the number of layers (from 1 to 10) in a multilayer perceptron (MP) simulating the response function using "sigmoid slopes" functions. The analysis duration was limited to 10 networks. The criterion of selecting one network from the entire set of the created networks was determined by the smallest error in the control sample, which did not exceed 12%, and in most cases was not more than 5%. During the work, the comparison of several networks demonstrated that as the number of elements on the hidden network layer increases, the accuracy of the results grows as well. To predict θr, the network has a direct propagation structure with 5 input variables, 6 elements on the hidden layer and one element on the output layer. The input parameters were: the particle size distribution, the bulk density and the SOM content. The created networks successfully recognized the structure of the training set and are suitable to be used in predicting the values of van Genuchten parameters. The PTF is stored in a file format C programming language, which is ready for integration with other applications.
Research results
The neural network underestimates the calculated values of θr compared with those observed for sandy clay and clay soils, which is proved by the angle the approximation line of inclination under 45 degrees ( figure 1) . The data analysis showed that the θr calculation of sandy soils using a neural network is more accurate than the calculation based on regression ratios [12] . One of the methods to increase the modelsˋ accuracy is removing data about organic matter content in the underlying horizons out from the experimental dataset. For neural network analysis, when deleting data from SOM content < 0.6% of the sample, the calculation error decreased from 23% to 21%.
"Teaching" ANN through soil samples of a single climatic zone (a colossal forest-steppe) has improved the forecast accuracy, S = 18% (figure 2). The average value of the mean error is 0.0092, which allows to conclude that systematic component of the error is absented. Using neural network analysis to calculate the value of θs revealed that the most accurate model was obtained through a linear neural network with two inputs ( figure 3 ). The training error as well as controlling and testing errors of the constructed models varied in the range of 5.3-7.0%; 5.6-7.2%; 5.6-6.4% respectively. Wherein, the lowest error values were shown by the linear ANN. The neural networksˋ architecture (θs) is much simpler than the ones of the ANN (θr), so the number of inputs is about 2-3 instead of 7-8, and the number of hidden neurons is 6-9 instead of 7-11.
Out of many neural networks obtained during the test, it was the multilayer perceptron of the MP architecture 4:4-6-1:1 and the MP 5:5-7-1:1 which reproduced the most accurate parameter α.The neural network with such input parameters as physical clay, SOM and bulk density composition reproduced the parameter α with the lowest accuracy so it is not given here. The neural network with such input parameters as sand content, coarse silt, physical clay, SOM content and the bulk density reproduced the parameter α with the highest accuracy ( figure 4) . Increasing the inputs up to 5 (adding a sand fraction) increased the prediction accuracy of α in comparison with the four-input multi-layer perceptron. The parameter n was modeled using neural networks based on the following input variables: the sand fraction content, physical clay, SOM content, and the bulk density ( figure 5 ). The lowest accuracy in the Ks calculation was obtained using a neural network based on a radial basis function with 3 inputs and 16 hidden neurons. The neural networks input parameters were the content of the sand fraction, physical clay and the bulk density ( figure 6 ).
Conclusion
Summarizing: checking the zero mean property showed it to be close to zero in all the considered cases, therefore the obtained PTFs do not contain a constant systematic error and are adequate by the zero mean criterion. The obtained PTFs can be used to forecast soil hydrophysical parameters.
